Objectives: We proposed the application of a multivariate cross-sectional framework based on a combination of a variable selection method and a multiple factor analysis (MFA) in order to identify complex meaningful biological signals related to attention-deficit/hyperactivity disorder (ADHD) symptoms and hyperactivity/inattention domains.
| INTRODUCTION
Attention-deficit/hyperactivity disorder (ADHD) is characterized by hyperactivity and inattention symptoms with a clinical prevalence estimated between 5% and 7% (Cardo, Servera, & Llobera, 2017) . These symptoms have a complex and polygenic etiology where multiple genes of small effect, altered brain development, and exposure to environmental risk factors play a role in the development of the disorder (Arcos-Burgos, Vélez, Solomon, & Muenke, 2012; Polanczyk, de Lima, Horta, Biederman, & Rohde, 2007) . Neuroimaging is commonly used to quantify brain structure and function, being a useful tool to unravel the complex etiology of ADHD symptoms. Neuroimaging data interpretation and understanding greatly improves with genetic studies. Imaging Genetics (IG) studies seek to analyze the combined effect of multiple genetic and brain volume variations as potential biomarkers of disease, providing a better understanding of mechanisms of neurodevelopmental domains (Bogdan et al., 2017) .
However, the dimensionality of the data in IG studies represents the principal handicap in the acquisition of analytical perspectives on neurodevelopmental domains and complex neurological diseases, amplifying existing issues of reliability and interpretability of the results. Conventional strategies often test millions of single nucleotide polymorphisms (SNPs) for association with a given neuroimaging-based measure, or, conversely, multiple neuroimaging-based measures are tested for association with candidate genetic variants. These strategies ignore potential combined effects between genetic and neuroimaging correlates and reduces statistical power due to multiple testing correction. Several pioneering studies have proposed different analytical procedures to assess neurological and biological patterns of ADHD symptoms, by combining SNPs and magnetic resonance imaging (MRI)-derived features, such as geneset analysis (Mous et al., 2015; Vilor-Tejedor, Gonzalez, & Calle, 2015) and parallel independent component analysis (Khadka et al., 2016) . These methods have the advantage of integrating and capturing underlying multivariate relationships but commonly perform complex dimensionality reduction procedures for which it is difficult to discern the individual information patterns related to the phenotype of interest.
The extraction of informative genetic and imaging-based features for in IG studies often relies on variable selection. This selection is based on an initial identification of the most informative variables, and the integration of different sources of data through multivariate multiscale techniques, such as multiple factor analysis (MFA). The main benefits of this process are twofold: first, it removes any redundant features, which may improve prediction accuracy in addition to supporting the interpretability of results. Second, it helps in the generation of post hoc inferences.
The use of variable selection methods can also be seen as an alternative strategy of genome-wide association studies for the identification of informative genetic markers related to neurodevelopmental domains, reducing the dimensionality of the data. In this context, in psychiatric research, it is uncommon the use of dichotomous statusone that indicates whether the disorder is present or absent. However, such dichotomous classification does not capture accurately the variability observed in the general population, because individuals who present extreme score values are grouped together with individuals whose symptoms are just above the diagnosis threshold. This dichotomous approach contrasts with the notion of a continuum distribution of the symptoms describing a dimensional spectrum, ranging from normal to dysfunctional. In this regard, when analyzing ADHD symptoms as a continuous score, the phenotype often presents skewed and overdispersed distribution, and, to date, little attention has been paid to their efficient statistical modeling. Moreover, still with the development of newly advanced methodologies that allow novel analytical possibilities, the vast majority of these methods have not yet been used in the IG field of ADHD (Vilor-Tejedor, Cáceres, Pujol, Sunyer, & González, 2016) .
In order to overcome this methodological scarcity, we proposed an analytical framework, which consists of a two-step analysis combining a variable selection strategy designed for a count data distribution, along with a dimensionality reduction approach. In the first step, we performed separate selection of most relevant SNPs and brain regions of interest (ROIs) for ADHD via penalized zeroinflated negative binomial regression analysis (LASSO-ZINB; Mallick & Tiwari, 2016) . In the second step, we jointly evaluated preselected ROIs and SNPs by applying multiple factor analysis (MFA) to determine significant genetic and imaging correlates of ADHD variability (Escofier & Pagès, 1990 ).
The main aim of the application of our proposed analytical framework was to identify the most informative genetic and brain structure factors, which in turn, had better explain the underlying structure of total ADHD symptoms and hyperactivity and inattention domains.
| MATERIALS AND METHODS

| Participants
This study is based on a subsample of the BRrain dEvelopment and Air pollution ultrafine particles in school childrEn (BREATHE) project.
This population-based cohort of primary schoolchildren was designed to analyze the adverse effects of traffic-related air pollution on neurodevelopment. As part of the BREATHE project design, 38 schools located in the metropolitan area of Barcelona were selected based on modeled air pollution levels to achieve maximum exposure contrast. Further details on study design and sociodemographic descriptive for low and high polluted schools can be found elsewhere (Sunyer et al., 2015) . From those schools, a total of 2,875 children aged 7 to 10 years and enrolled in the 2nd, 3rd, and 4th primary grades were recruited. Genotypic, neuroimaging, and behavioural data were available for a subset of 135 individuals. All the parents or legal guardians of the study subjects provided signed informed consent as approved by the Ethics Committees of the centers involved in the study.
2.2 | Total ADHD symptoms and hyperactivity and inattention domains ADHD symptoms were collected using a questionnaire based on the ADHD criteria of the Diagnostic and Statistical Manual of Mental Disorders, fourth edition (4th ed., DSM-IV-TR; American Psychiatric Association, 1994), completed by teachers. ADHD-DSM-IV consists of a list of 18 symptoms, assessing two separate symptom groups: inattention (nine symptoms) and hyperactivity/impulsivity (nine symptoms). Each ADHD symptom was rated in a 4-point scale of frequency from never or rarely (0) to very often (3). The continuous measure of total ADHD symptoms was calculated as the sum of the score of each item. This measure ranges from 0 to 54. Hyperactivity and inattention domains were calculated as the sum of the scores of the nine items corresponding to each dimension. In all analyses, total ADHD symptoms and hyperactivity and inattention domains were treated as continuous outcome variables modeled by zero-inflated negative-binomial distributions, previously shown to improve the statistical modeling of ADHD studies .
| Genomic assessment
Genome-wide genotyping was performed using the HumanCore BeadChip WG-330-1101 (Illumina) at the Spanish National Genotyping Centre (CEGEN) -Spanish National Cancer Research Centre (CNIO). Genotype calling was done using the GeneTrain2.0 algorithm (with a default threshold of 0.15) based on HapMap clusters implemented in the GenomeStudio software. PLINK was used for the genetic data quality control (Purcell et al., 2007) . We applied the following sample quality control thresholds: sample call rate > 97% 
| Statistical analysis
A two-step procedure was conducted (Figure 1 ). In the first step, we performed variable selection based on a count data distribution to select SNPs associated with each ADHD dimension (total ADHD symptoms and hyperactivity and inattention domains) fitting penalized zero inflated negative binomial regression analysis (LASSO-ZINB) models. LASSO is a modeling method that shrinks the coefficients of uninformative variables towards zero, thus, performing variable selection on strongest effects. Cross-validated log-likelihood values for the shrinkage parameter (λ) were computed though the mpath R package (Mallick & Tiwari, 2016) . These parameters are those used to control the amount of shrinkage that is applied to the estimates in the penalized zero-inflated negative binomial regression models. We, therefore, selected SNPs with regression coefficients different from zero.
LASSO-ZINB models were computed with mpath package of R. At the second step of analysis, we computed MFA to determine the main genetic and brain structures influencing ADHD domains variability. All SNPs selected in the previous step were included in the multivariate analysis. MFA was used to estimate the relationships among genetic and neuroimaging correlates in order to identify concurrent changes in total ADHD, inattention, and hyperactivity dimensions. Specifically, MFA standardizes variables in each predefined block of data and calculates the global axes, which are the linear combination of original parameters that maximize the global data variance. Hence, MFA highlights the most significant features and data structures. MFA was computed using the FactoMineR R package. All models at both steps were adjusted for age, sex, school, and the first 10 principal components.
3 | RESULTS 3.1 | Descriptives Table 1 shows descriptive of age, sex, and the mean, standard deviation, and range scores for total ADHD symptoms, hyperactivity domain, and inattention domain, for the whole sample and the neuroimaging subsample. Samples were balanced for age and gender.
We also showed correlation patterns (Pearson correlation statistics) between total ADHD symptoms and inattention and hyperactivity dimensions. The three outcomes analyzed are highly correlated (r > 0.6; p < 2e-16). Figure 2 shows the empirical distributions of ADHD symptoms and hyperactivity and inattention domains. We can see that the distribution of the data is positively skewed because a high proportion of the individuals have zero count scores. Table S1 summarizes the cerebral structures analyzed in the study. 
| Step 2. Multiple factor analysis
By applying multiple factor analysis (MFA), we found that the total variability explained by the three first principal components is 6.7% for total ADHD symptoms, 36.9% for hyperactivity domain, and 7.4% for inattention domain. Cumulative explained variance considering the whole number of components is reported in detail in Tables S2-S4. For total ADHD symptoms, the first dimension of the MFA is mainly positively correlated to specific brain structures, whereas the second and third dimensions were mainly correlated with genetic components.
The first dimension was correlated to WM and GM volumes (adj_pvalue = 1.65E-57; adj_pvalue = 4.71E-52; Figure S1 ), while the rs763173 and the rs12563394 within the CAMTA1 (Calmodulin Binding Transcription Activator 1), and the rs301806 within the RERE (Arginine/ Glutamic Acid Dipeptide Repeats) genes, respectively were the top SNPs negatively correlated to the second dimension of the MFA (adj_pvalue = 3.28E-07; adj_pvalue = 3.28E-07, adj_pvalue = 1.25E-06). Moreover, the rs11808641 and rs6683453 were the top intergenic SNPs positively correlated with the third dimension of the MFA (adj_pvalue = 1.45E-07; adj_pvalue = 7.84E-07), and the rs4654432, the top intronic variant negatively correlated (adj_pvalue = 7.84E-07; Table 2 ). For hyperactivity domain, the first dimension was mainly positively correlated to GM and WM Table S5 (adj_pvalue = 5.71E-64, adj_pvalue = 3.46E-49; Figure S3 ). The second dimension was positively correlated to the intergenic SNPs, rs4912036
and rs609506 (adj_pvalue = 4.20E-06, adj_pvalue = 7.76E-06) and negatively correlated to the intergenic SNP rs10799708, and the rs7531434 within the FBXO44 (F-Box Protein 44) gene (adj_pvalue = 1.58E-05, adj_pvalue = 1.66E-05), whereas the third dimension was positively correlated to the rs4614226 and rs11808641 (adj_pvalue = 3.99E-08, adj_pvalue = 1.83E-07) and negatively correlated to rs9988443 (adj_pvalue = 8.36E-08; Table 3 ).
Also for inattention domain, the first dimension of the MFA was positively correlated to WM, in addition to cerebellum (adj_pvalue = 6.42E-77, adj_pvalue = 2.05E-16; Figure S3 ). The second dimension was positively correlated to the intergenic SNPs (rs11808641) and the intragenic SNP (rs301806) within the RERE gene (adj_pvalue = 3.1E-09, adj_pvalue = 7.2E-09) and negatively correlated to the intragenic SNP (rs299499; adj_pvalue = 1.02E-08).
Finally, the top SNP correlated with the third dimension was the rs10864315 within the PER3 (Period circadian regulator 3) gene (adj_pvalue = 1.12E-09; Table 4 ).
We also showed the quality of representation of each group of data (neuroimaging, genetics, and ADHD domains). For total ADHD symptoms, both groups have different coordinates on the MFA dimensions, which mean that their contribution is dissimilar to each factor. For instance, neuroimaging information is correlated to the second dimension whereas genetic data in both ( Figure S4 ). Similar patterns were observed for hyperactivity and inattention domains ( Figures S5-S6 ).
| DISCUSSION
This study proposed the application of a two-step analysis combining a variable selection strategy designed for a count data distribution along with a MFA approach. The aim was to increase the validity of the results in IG studies and ultimately provide further insights into ADHD. This proposed strategy was inspired by the conclusions of selection, in which multiple genetic signals and brain structures possibly correlated, can be analyzed in a single model (Szymczak et al., 2009) . Although this method has provided a successful performance in a genetic association study (Mallick & Tiwari, 2016) to our knowledge, this is the first time that LASSO-ZINB is applied in an IG study.
On the other hand, the application of MFA was also novel in IG studies of ADHD. MFA allows determining different correlation patterns between genetic and imaging correlates and the symptomatol- Results obtained after applying MFA indicate that WM and GM were the most important brain-MRI measurements in terms of variability explained associated with total ADHD symptoms and hyperactivity domain, in addition to cerebellum structure for inattention domains. Interestingly, an abnormal increase of WM may be related to non-optimal brain remodeling (deficient axonal pruning), resulting in excessive anatomical connections (Fields, 2010; Tau & Peterson, 2010) . However, larger WM volumes in ADHD could also relate to significantly accelerated myelination, as measurable WM in conventional (T1-weighted) anatomical MRI scans correspond to myelinated WM (Paus et al., 2001) . It is important to note that myelination is an active process throughout life (Narayan, Kass, & Thomas, 2007; Yakovlev & Lecours, 1967) , which is physiologically accelerated in early postnatal years and during adolescence (Paus et al., 2001; Pujol et al., 2004) , and enhanced by repetitive use or skill learning (McKenzie et al., 2014; Pujol et al., 2006) . Patholsogical acceleration of myelination has been suggested, for example, in melancholic depression (SorianoMas et al., 2011) , childhood obesity (Ou, Andres, Pivik, Cleves, & Badger, 2015) , heavy cannabis use (Matochik, Eldreth, Cadet, & Bolla, 2005) , and pathological lying (Yang et al., 2005) . In addition, for inattention domain, the MFA procedure determined that the cerebellum was also an important brain structure influencing the variability explained. Although cerebellum structure has not been directly related to total ADHD symptoms, some studies have already suggested the involvement of the cerebellum structure in ADHD. For instance, Goetz, Schwabova, Hlavka, Ptacek, and Surman (2017) suggest a cerebellar involvement in dopaminergic neurotransmission which, in turn, affects ADHD symptoms development. Other studies found cerebellar structural abnormalities, which explained a significant amount of the variance of ADHD symptoms (Bledsoe, SemrudClikeman, & Pliszka, 2011) .
Moreover, MFA results associated these findings with two intragenic SNPs (rs301806 and rs12563394) within the CAMTA1 gene, which has been related to episodic tremor and motor impairment (Monies et al., 2017; Shinawi, Coorg, Shimony, Grange, & Al-Kateb, 2015 (Hunter, 2007) . Finally, for the inattention domain, MFA found two intragenic SNPs, the rs10864315 within the PER3 gene and the rs301806 within the CAMTA1 gene. Interestingly, the rs301806 was previously found in the MFA for total ADHD symptoms, suggesting the shared contribution of genetic mechanisms between total ADHD symptoms and inattention domains. Furthermore, the involvement of PER1 gene in the influence of sleep duration and circadian regulation (Hida et al., 2015; Husse, Hintze, Eichele, Lehnert, & Oster, 2012) could be seen as an interesting finding due to the prevalence of sleep problems in ADHD individuals (Bogdan & Reeves, 2018; Cassoff, Wiebe, & Gruber, 2012) , especially for inattention domains .
However, the current results should be interpreted in the context of some limitations and strengths. First, the main limitation of the study is the modest sample size. Second, the use of a cross-sectional design prevents us from addressing issues such as reverse-causation.
Third, although the proposed analytical procedure minimizes the internal validation error of prediction, the lack of a replication sample requires the present findings to be considered with caution. Fourth, neurodevelopmental information related to ADHD domains were reported by only one informant (teachers), which provides insufficient information results in a lack of information about the occurrence of these symptoms, and constitutes a subjective measure of the score of these symptoms. Moreover, we examined a statistical framework that, in turn, provide greater complexity in the interpretation of the results. The optimal manner in which to interpret and visualize such results and the suitability of applied statistical techniques (e.g., multiple testing corrections) to such data analysis require further exploration. Finally, results from the analysis of total ADHD symptoms as outcome may be led by common effects that arise from the combination of hyperactivity and inattention domains into a total score. We could hypothesize that it is necessary to study the hyperactivity and inattention domains separately because they may be related to specific causal pathways that are not associated with the total ADHD symptoms. However, the analysis of total ADHD symptoms allows to capturing individuals presenting combined symptoms of hyperactivity and inattention domains, suggesting a representation of the most serious cases of ADHD symptoms, given the combination of both types of domains at the same time.
The strengths of the study include several aspects to overcome these limitations. First, we used a population-based sample of children, increasing the generalization of the results. Second, the use of a continuous score for total ADHD symptoms and hyperactivity and inattention domains increase statistical power and allows the application of a novel framework and advanced statistical methods, which in turn, contribute to a better characterization and understanding of ADHD symptoms (Goodkind et al., 2015; Hudziak, Achenbach, Althoff, & Pine, 2007; Lubke, Hudziak, Derks, van Bijsterveldt, & Boomsma, 2009; MacCallum, Zhang, Preacher, & Rucker, 2002) . Third, the proposed variable selection strategy used in the first analytical step (LASSO-ZINB) is able to conduct simultaneous model selection and strable effect estimation in the presence of multicollinearity, which, in addition reduces the burden of multiple testing. Because multicollinearity can result in large and opposite signed estimator values for correlated predictors, a penalty function is imposed to keep the value of predictors below a pre-specified value and so select them efficiently and also taking into account the existence of multicollinearity (Mallick & Tiwari, 2016) .
To conclude, the application and development of novel analytical frameworks and advanced statistical methods allow determining the combined effects of genetics and neuroimaging in the context of complex disorders such as ADHD. Therefore, future research may benefit from the application of multivariate strategies. 
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